Abstract. Electroencephalographic (EEG) correlates of driving performance were studied using an event-related lane-departure paradigm. High-density EEG data were analyzed using independent component analysis (ICA) and Fourier analysis. Across subjects and sessions, when reaction time to lanedeparture events increased several clusters of independent component activities in the occipital, posterior parietal, and middle temporal cortex showed tonic power increases in the delta, theta, and alpha bands. The strongest of these tonic power increases occurred in the alpha band in occipital and parietal regions. Other independent component clusters in the somatomotor and frontal regions showed less or no significant increase in all frequency bands as RT increased. This study demonstrates additional evidence of the close and specific links between cortical brain activities (via changes in EEG spectral power) and performance (reaction time) during sustained-attention tasks. These results may also provide insights into the development of human-computer interfaces for countermeasures for drowsy driving.
Introduction
Drowsiness while driving is one of the major factors leading to crashes that result in severe injuries and fatalities [1] [2] . Two of the basic rules of safe highway driving are to remain in the cruising lane and to keep an appropriate distance from other vehicles. Small changes in road curvature, uneven or slippery pavement, wind changes, or poor wheel alignment could make the vehicle drift out of the cruising lane. Lapses in attention and response to such lane drifts could result in collisions with other vehicles or run-off-road crashes. As drivers become fatigued and then drowsy, they exhibit slowed reaction time (RT) to traffic events, and increased deviation of vehicle lateral position (swerving) from lane center. Development of effective countermeasures to drowsy driving could prevent large numbers of serious accidents. Electroencephalography (EEG) is one of the most direct and effective physiological measures for assessing state of arousal. Several studies have demonstrated EEG correlates of fluctuations in performance during sustained attention tasks with characteristic time scales on the order of one second to several minutes [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] . These studies have suggested that low-frequency EEG power, particularly in the alpha (8) (9) (10) (11) (12) Hz) and theta (4-7 Hz) bands, increase during periods of poor task performance (e.g., periods of high-error rate, lengthened RT, or failures to respond to driving challenges). In most studies, EEG power spectra were estimated from single-channel recordings at a few scalp sites, not allowing localization of the cortical sources of the observed EEG changes.
Our previous studies using independent component analysis (ICA) applied to high-density EEG data have demonstrated that an independent component (IC) with equivalent dipole sources located in the bilateral occipital cortex exhibits tonic changes in power spectral baseline highly correlated with performance fluctuation during sustained attention tasks, including simulated driving [12] [13] [14] [15] . It is not known, however, whether the power spectra of other EEG processes are also strongly modulated by task performance. This study systematically explores tonic power spectral changes in the delta (1-3 Hz), theta (4-7 Hz), alpha (8) (9) (10) (11) (12) , and beta (13-20 Hz) bands in 13 independent component clusters of brain processes obtained across subjects and sessions during periods of increased reaction time to lanedeparture events during simulated driving.
Materials and Methods

Experimental Paradigm and Participants
A virtual-reality scene was created to simulate cruising in the fast lane of a straight highway at night. The driving simulator was implemented in C/C++ programming languages using the Open GL libraries on a desktop computer running the Linux operating system. During hour-long continuous driving sessions, computer-simulated lane-departure (deviation onset) events occurred every few seconds, during which the car drifted towards the curb or into the opposite lane with equal probability (Fig. 1) . The vehicle did not 'crash' if the subject failed to respond but instead hit the virtual limit of the curb (after about 3 s of drift), and continued to move along the virtual curb until the subject resumed response by holding down an arrow key (response onset), and then releasing the key (response offset) when the car returned to the center of the cruising lane.
This paradigm was designed to assess subjects' responses to perturbing events embedded in continuous monotonous driving sessions, and to monitor continuous transitions from alertness to drowsiness [12] [13] [14] . Subjects' driving performance was measured by their reaction time (RT), defined as the duration between deviation onset and their response onset during each lane-departure event (trial). Slowed subject reaction times generally accompanied decreases in attention and alertness (Fig. 2) .
Eleven right-handed healthy subjects with normal or corrected-to-normal vision participated in one or more hour-long sessions (20 sessions in all). All subjects gave informed consent before participating in an experimental protocol approved by the UCSD Human Research Protections Program. None of the subjects reported sleep deprivation the night before the experiment. Each subject had lunch about two hours before arriving at the lab around 2:00 PM; the driving experiment itself began near 3:00 PM after EEG cap and electrode set-up. During the experiment, the subject sat on a comfortable office chair with armrests 50 cm from a 19-inch monitor sitting in an EEG booth in which the background lighting was dim (~ 2-3 lux). 
Data Acquisition and Analysis
256-channel EEG/EKG/EOG signals were recorded at 256 Hz using a BioSemi Active II acquisition system. Driving parameters (including lane positions, timing of event onsets and offsets) and subject behavioral responses were recorded at 256 Hz at the stimulus computer. A sequence of synchronized pulses was sent out from the PC parallel port to the BioSemi system for time stamping. The 3-D locations of all electrodes were digitized using a Polhemus system. EEG data were digitally filtered using a linear FIR band pass filter (1-45 Hz) before further analysis. Continuous EEG time courses of all channels were segmented into 6-s epochs, from 1 s preceding to 5 s following deviation onsets. Subjects typically yawned or nodded a few times during hour-long sessions. These activities caused severe artifacts across all the channels in some epochs. Channels and epochs that contained severe artifacts, including extreme values of amplitudes, large linear trends, and abnormally distributed data (high kurtosis), were rejected semiautomatically before further analysis using functions of the open source EEGLAB toolbox [16] available at http://sccn.ucsd.edu/eeglab. Channels and epochs contaminated with other sources of artifacts (blinks, eye movements, cardiac activities, and persistent head-muscle noises) were not rejected, as these artifact sources could be separated from other EEG processes using ICA described below [17] [18] [19] [20] . The 6-s EEG epochs were concatenated into a two-dimensional matrix of size [channels, frames × epochs] after artifact rejection, and the matrix was reduced to 100 dimensions using Principle Component Analysis (PCA). Infomax ICA was applied to the dimension-reduced matrix, x, using the binica function with the 'extended' ICA option in EEGLAB. ICA finds an 'unmixing' matrix, W, which decomposes or linearly unmixes the matrix, x, into a sum of maximally temporally independent and spatially fixed components u, where u = Wx. The rows of the output data matrix, u, are time courses of activations of the independent component (IC). The ICA unmixing matrix was trained separately for each session and subject. The initial learning rate was 10 -4 , and the training was stopped when the learning rate fell below 10 -7 . To test cross-subject consistency of brain processes of interest, we grouped independent components obtained from multiple sessions and subjects semiautomatically into 13 IC clusters (Figs. 3 and 4) based on their scalp maps, dipole source locations, and mean power spectral baselines [15, [21] [22] [23] . The dipole sources locations were estimated according to the digitized 3-D electrode locations and ICA weight matrix for each session using the DIPFIT2 function in EEGLAB.
For each independent component, a logarithmic power spectral baseline was computed from a 1-s window before deviation onset in each 6-s epoch extracted from its activation time course using Fast Fourier Transform (FFT). For each component cluster, the logarithmic power spectral baselines of epochs from all subjects and sessions were grouped and sorted in ascending order by trial reaction time, resulting in a matrix of size [frequency bins × epochs]. The mean logarithmic power spectra of the first 10% of epochs below 3-s RT (periods of optimal performance) were subtracted from the matrix of RT-sorted power spectral baselines at each frequency bin. The normalized matrix was further subjected to moving average across RT-sorted epochs (trials) at each frequency bin using the same window size of the first 10% epochs below 3-s RT, with a step of 10 epochs. Mean tonic power changes in delta (1-3 Hz), theta (4-7 Hz), alpha (8-12 Hz), and beta (13-20 Hz) bands were obtained from the normalized and moving-averaged power spectral matrix (Figs. 3 and 4) . A two-tailed t-test was used to assess if the mean power in each moving window was statistically different from that of the first 10% epochs below 3-s RT in each frequency band using a threshold of p<0.001 corrected with a Bonferroni multiple comparison test.
Results
Driving Performance as Measured by Reaction Time
Across all sessions, subjects exhibited several fluctuations in their reaction times to lane-departure events. Some subjects became drowsy and hit the curb or drove into the opposite lane several times during hour-long sessions. Fig. 2A shows the fluctuation of subject reaction times in a representative session, where 666 lanedeparture events (trials) were recorded. Fig. 2B shows the same trials sorted by reaction time (RT), which exhibit a 'bilinear' pattern (the majority of trial reaction times were short and increased exponentially in a small percentage of trials). The bilinear pattern was consistently observed across subjects and sessions, and on average 5% of trial reaction times were higher than 3 s (the approximate time lapsed before the vehicle hit the curb if the subject made no response). 
Tonic Changes in Power Spectra in Relation to Reaction Time
As reaction time increased, baseline power spectra of several independent component clusters in the occipital, parietal, and temporal regions showed significant increases relative to the mean power spectra of the first 10% epochs (trials) below 3-s RT (Fig.  3) . Other independent component clusters showed less significant or no tonic changes in their power spectra (Fig. 4) . The observed tonic power changes in each frequency band are discussed below.
Delta Band Power (1-3 Hz). Mean baseline power in the delta band showed insignificant variations in short-RT (< 0.8 s) epochs across all IC clusters. Mean delta band power started to increase as RT increased above ~0.8 s; these tonic changes were only significant in the bilateral occipital cluster ( Fig. 2A ) during protracted RTs (> 2 s).
Theta Band Power (4-7 Hz). Mean baseline power in the theta band showed similar changes as in the delta band power across all IC clusters. Mean theta band power remained unchanged or even decreased slightly as RT increased moderately (< 0.8 s), and started to increase at RTs above ~0.8 s. The tonic changes were only significant during protracted RTs (near or above 3 s) in the bilateral occipital, medial posterior parietal, middle temporal, and somatomotor clusters (Figs. 3 and 4) .
Alpha Band Power (8-12 Hz). Mean baseline power in the alpha band increased monotonically as RT increased in the bilateral occipital, medial posterior occipital, medial posterior parietal, and middle temporal clusters (Fig. 3) . The tonic changes were significant at RTs above ~0.8 s in the occipital and parietal clusters, and were stronger than the increases in the other frequency bands. In other IC clusters, as RT increased mean alpha band power showed both insignificant increases and decreases (Fig. 4) .
Beta Band Power (13-20 Hz). As RT increased, mean baseline power in the beta band showed moderate increases in the bilateral occipital, medial posterior occipital, medial posterior parietal, and middle temporal clusters (Fig. 3) . The tonic changes were significant at RTs above ~0.8-s in the bilateral occipital (Fig. 3A) and medial posterior parietal (Fig. 3D) clusters. As RT increased, mean beta band power showed insignificant changes in other IC clusters (Fig. 4) . 
Discussion
In this study, we applied independent component analysis to dissociate multiple brain processes whose power spectra were modulated or unaffected by performance fluctuations during simulated driving. As subject reaction time to lane-departure events increased, several clusters of independent component activities in the occipital, posterior parietal, and middle temporal cortex showed tonic power increases in the delta, theta, and alpha bands across subjects and sessions. The power spectra of other independent component clusters in the somatomotor and frontal regions were less affected or were not affected by changes in reaction time. These results provide a more comprehensive insight into brain processes involved in sustained-attention tasks.
The event-related lane departure paradigm [12] [13] [14] used in this study may provide objective and quantitative measures of both instantaneous driving performance over shorter time spans (e.g., < 10 s) and measures of average performance over longer periods (e.g., on the order of a minute). This paradigm has been replicated in other simulated driving experiments performed on a motion platform [24, 25] . Tonic power spectral changes in those experiments were similar to the results reported here; details will be reported elsewhere.
The strong tonic increases in alpha-band power in occipital and parietal regions likely index the gradual withdrawal of visuospatial attention as drowsiness increases [26] . These increases may also be used to predict reaction time in our task and very likely during simulated driving and real-life driving. Results of this study may also help guide development of EEG-based drowsiness detection and feedback systems, and may provide useful information for evaluating systems that directly detect and apply countermeasures to drowsy driving performance, such as lane departure warning systems (LDWS) and lane keeping assistance systems (LKAS) [27] [28] [29] [30] .
